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Abstract
Bicycling is becoming increasingly popular in Oregon and the US in general due to its
environment friendliness as well as health benefits. With Oregon’s population projected to
increase by more than 30% over the next 30 years, improving the safety of the
transportation network for persons on bicycles is important. In Oregon, majority of the
bicyclist crashes occur at intersections. This thesis seeks to identify the determinant factors
that significantly impact bicyclist crash injury severity at intersections. A mixed logit
framework that accounts for any unobserved heterogeneity in the data and allows the
estimated parameters to randomly vary across observations was applied to three years of
bicyclist crash data (2016−2018) with a total of 1502 categorized crashes in Oregon at both
unsignalized and signalized intersections. This work reports the relative risk of bicyclist
injury severity instead of the absolute injury risk in a bicyclist crash.
As part of identifying the significant determinant factors, a parameter
transferability test is done to determine that the two types of intersection need to be
modeled separately. A total of fourteen variables were found to be significant at
unsignalized intersections. Wearing a helmet reduces the probability of slight injury while
urban area, winter season, and bicyclists with age 10 or younger have higher chance of
slight injury. Clear weather, male bicyclists, speeding, presence of traffic control device,
and non-motorist being on a bike lane at intersection have increased likelihood of nonincapacitating injury while crash year 2018 shows lower probability of this injury level. In
terms of injury severity, bicyclists of age 65 or older, use of alcohol, and angled collision
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are associated with high risk for incapacitating and fatal injuries and evening peak hours
reduces the likelihood of this injury type.
The mixed logit model for crash analysis at signalized intersections found eight
significant variables impacting bicyclist crash severity. Using helmet, bicyclists in the age
range 26−35 years, spring season, and clear weather lead to decreased likelihood of slight
injury; however, driver’s failure to yield right of way increases the probability of slight
injury. Crashes occurring at cross-signalized intersections have lower probability of nonincapacitating injuries. Speeding-involved crashes significantly increase the chance of
incapacitating and fatal injuries and bicyclists traveling straight is associated with lower
risk for incapacitating/fatal injuries. Based on these findings, several countermeasures to
improve bicyclist safety are recommended.
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Chapter 1: Introduction
1.1 Research Background
Cycling, a non-motorized mode of transportation has become highly popular and gained
significant momentum in recent years (Cai et al., 2016). With vehicle congestion
continuing to increase across the United States, cycling is becoming one of the major nonmotorized commute alternatives (Moore et al., 2011). Cycling also provides a wide range
of social and individual health benefits, for example, with increasing physical activity it
improves the obesity, reduce congestion, environmental pollution, noise and fuel
consumption (Rabl and De Nazelle, 2012; Teschke et al., 2012; Macmillan et al., 2014).
Gotschi (2011) reported a detailed cost-benefit analysis on bicycling investments in
Portland, Oregon, where it was demonstrated that bicycling is cost effective even if a
limited selection of benefits is considered.
Unfortunately, while cycling may provide many advantages in terms of reductions
in congestion and environmental impacts, cyclists are considered vulnerable road users
(VRUs) along with pedestrians (and sometimes motorcyclists) because of their exposure
to vehicles with less protection and more risk (Anaya et al., 2014). Statistics reveal that
bicyclists in the United States are twelve times more likely to be killed in a crash than
motor vehicle drivers (Constant and Lagarde, 2010; Moore et al., 2011). For instance,
according to National Highway Traffic Safety Administration (NHTSA, 2018), 47,000
bicyclists were injured in the U.S. in 2018 – the number of crashes have been hovering
around 50,000/year over the last ten years. The worst part is that a total of 857 bicyclists
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were killed in 2018 crashes, which is more than 30% higher than the fatalities in 2010
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Figure 1.1. Trends for bicyclist fatalities and injuries in the US over the years: 2009–2018
(source: NHTSA).
To put these numbers in perspective, Figure 1.2 shows how the bicyclist fatality
rates changed over the years relative to 1990–1994 level for the US and some other highincome countries (Buehler and Pucher, 2017). As can be seen, although most countries
have steadily reduced bicyclist fatality rates per capita, the US has made the least progress
and significantly fallen behind the other countries.

Figure 1.2. Comparison of the US with other high-income countries in terms of trends in
bicyclist fatalities per 100,000 population in the timeframe 1990–2014, using 5-year annual
averages relative to 1990–1994 average (Buehler and Pucher, 2017).
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The State of Oregon follows the national trend (Figure 1.3) − the six year of crash
data summary from Oregon Department of Transportation (ODOT) shows that the number
of bicyclist injuries remained steady in the range of 800–1000/year over the years 2013–
2018, with about ten fatalities every year (ODOT, 2020). According to Oregon's Office of
Economic Analysis, Oregon’s population, currently at ~4.2 million, is projected to increase
by more than 30% to be ~5.6 million in 2050 (Figure 1.4). Intuitively, this significant
increase in population along with the growing popularity of bicycling for commute,
recreation, and exercise means that the number of bicyclist crashes and fatalities are

NBicyclist Fatalities (Oregon)

NBicyclist Crashes/Injuries (Oregon)

expected to increase accordingly.
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Figure 1.3.Trends for bicyclist fatalities and injuries over the years, 2013–2018, in Oregon
(ODOT, 2020).
Marching toward the Vision Zero goal (Johansson, 2009) while at the same time
having to meet the increased demand in terms of transportation infrastructures and policies
would be a challenging task. To simultaneously address these issues, the solution needs to
be multidimensional such as incorporating new and smart technologies in infrastructure
design and construction, increasing the utilization and optimization of the existing
infrastructure, ensuring sustainability, and most importantly addressing the safety aspects.
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Figure 1.4. Oregon’s population trend from 1960 to 2020 and projected numbers from
2020 to 2050 (Oregon Office of Economic Analysis).
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Figure 1.5. Breakdown of Oregon’s bicyclist crashes by year and location type (ODOT,
2020).
The 2019 Traffic Safety Facts published by NHTSA highlight that intersections
accounted for ~30% of the total bicyclist fatalities in the US (NHTSA, 2019). More
importantly, intersections contributed to ~55% of all the bicyclist injuries in 2019.
Combined with the fact that almost 80% of all bicyclist crashes happened in urban areas
and given that there are more bike facilities at urban intersections, ~55% crashes are very
significant and hence requires a detailed analysis. Oregon is no different than national trend
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– looking at the stacked histogram of number of bicyclist crashes by years in Figure 1.5,
it can be seen that more than 65% of total bicyclist crashes happened at intersections
(ODOT, 2020). Abovementioned statistics and discussion leave no doubt that it is
important to understand the determinant factors that cause bicyclist crashes resulting in
injuries/fatalities, especially at intersections.
1.2 Research Goals and Thesis Organization
The main goal of this thesis is to determine the significant factors of bicyclist injury
severity at signalized and unsignalized intersections, as part of which it looks at three years
of bicyclist crash data (2016–2018) in the US State of Oregon from the database of Oregon
Department of Transportation (ODOT). The research motivation and background are
discussed so far in this chapter. Chapter 2 provides a detailed literature review on traffic
crashes especially bicyclist crashes, various determinant factors of crashes reported in
literature, and a few other related topics. Chapter 3 describes the data and various
parameters of the data. There are a total of 1502 crashes combined that occurred at
signalized and unsignalized intersections during the three-year timeframe. A mixed logit
framework, discussed in detail in Chapter 4, is adopted to analyze the crash data. Chapter
5 discusses the various model parameters and findings in details. As part of the research
goal, a parameter transferability test is performed at the beginning to determine that
signalized and unsignalized data need two separate mixed logit models. All the significant
variables are discussed in detail for both unsignalized and signalized intersections. Finally,
Chapter 6 draws the conclusions, points the limitations of the current work, and discusses
about potential future research and development.
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Chapter 2: Literature Review
Bicyclists, along with pedestrians and motor cyclists are called Vulnerable Road Users
(VRU) because of their almost no protection against collisions – when there is a crash
between a bicyclist and a motor vehicle, most injuries and fatalities occur to the bicyclist
(Rifaat, Tay and De Barros, 2011). Although bicycles are becoming more popular day by
day as an alternate means of commute as well as for recreational activities and exercise,
statistics showed that a bicyclist is twelve times more likely to be killed in a crash than the
motor vehicle driver. When compared, bicyclists in the US are twice as likely to be fatally
injured vs. Germany and three times vs. their Dutch counterparts (Pucher and Dijkstra,
2003). Considering the extremely high number of bicyclist fatalities in the US every year
(NHTSA, 2019) and at the same time the urgency of achieving Vision Zero goal – a set
strategy to eliminate all severe traffic injuries and fatalities (Vision Zero Network | Making
our streets safer; Johansson, 2009), it is critical that the determinant factors behind bicyclist
crashes are known and well understood so that necessary measures can be put in place.
Moreover, any findings at this stage will help with the incorporation of mitigating
infrastructure design in future as well as developing rules and regulations to significantly
reduce the frequency and severity of bicycle crashes.
Numerous studies have been conducted to analyze the significant factors that
contribute to the bicyclist safety, including the influencing factors related to the driver and
bicyclist characteristics, roadway related characteristics, environmental characteristics, and
crash related variables as well as other variables (Eluru, Bhat and Hensher, 2008; Behnood
and Mannering, 2017). Wessels (1996) reported based on the analysis of 1988−1993
6

bicycles-motor vehicles crash data in Washington State that motorist age, gender, alcoholimpaired bicyclists or motorists, the presence of a median, and driver’s unsafe speeding all
impact the likelihood of a crash. A more recent study by Behnood et al. (2017) reported
similar observations; however, the authors added that not wearing helmets and driving on
the wrong side of road also can significantly increase the likelihood and severity of bicycle
crash. In addition to using a mixed logit framework to account for any unobserved
heterogeneity in the data, the authors also computed marginal effects that assess the
impacts individual parameter estimates on injury severity.
Wu and colleagues analyzed bicyclist riding behavior in urban China and reported
some interesting findings (Wu et al., 2019). The authors found that bicyclists who are less
educated, younger and ride longer per week to be more likely to engage in risky riding
behaviors. Two other studies reported that bicyclists aged 18−24 years and older than 65
years old were found to be significant contributing factors and more likely to be involved
in crashes (Rodgers, 1997; Stone and Broughton, 2003). The higher risk for younger adults
was attributed to their risk-taking behavior and the higher risk for bicyclists over 65 was
attributed to age related changes in their cognitive response.
Klassen, et al. (2014) used a spatial mixed logit (MXL) model to analyze the
bicycle-motor vehicle crash severity in Edmonton, Canada, where the study found that the
presence of crosswalks and bike signs plays an important role. For example, the severity
of bicyclist crashes at intersections with partial crosswalks was significantly different than
the ones with no crosswalk or crosswalks across all approaches. The study also found that
female bicyclists were more prone to severe injuries compared to male bicyclists. Older
7

bicyclists were found to be at higher risk of sustaining major injuries, consistent with other
reports (Rodgers, 1997).
More recently, Shen et al. (2020) reported the impact of a wide range of variables
on the injury severity resulting from bicyclist crashes at roundabouts, crossroads, and Tjunctions in the UK. The study results showed age, speed limit, and traffic control strategies
to be significant in terms of their impact on injury severity. Urban junctions, overtaking
inside the intersections, and collision points also showed significant impacts on the severity
levels. The study also reported that rainy days had increased probability of slight injury
and presence of streetlights helped with improving bicyclist safety.
Kim et al. investigated the bicycle-motor vehicle accidents in North Carolina
between 1997 and 2002 using a multinomial logit modeling framework where their results
strongly indicated that inclement weather condition, darkness with no streetlights,
speeding, intoxicated bicyclist and motorist, head-on collision and involvement of trucks
were found to significantly increase the probability of fatal bicyclist injury, and the fault
of bicyclists was more likely to result in severe crashes than the drivers.
Similar to the above studies, Eluru and colleagues also claimed that bicyclists 60
years or older have higher likelihood of fatal injury (Eluru, Bhat and Hensher, 2008). The
authors also reported that the speed limit of the road, locations of crashes and time-of-day
are the critical factors impacting the bicyclist injury severity. According to this report,
unsignalized intersections were associated with a higher probability of severe bicyclist
injuries (+7.48% for incapacitating injuries and +78.25% for fatalities) than their signalized
counterparts.
8

Wang et al. examined the bicyclist crashes from 2006 to 2010 at unsignalized
intersections in the US State of Kentucky using partial proportional odds model and found
that stop-controlled intersections, one-lane approaches, helmet usage, and lower speed
limits were associated with decreased injury severity, whereas uncontrolled intersections,
age, foggy and rainy weather, inadequate use of lights in dark conditions, and wet road
surfaces were linked with increased injury severity (Wang, Lu and Lu, 2015).
As outlined above, there have been numerous studies that focused on bicyclist
injury severity; however, there has not been any study that covers whether separate
analyses should be conducted based on parameter transferability test for bicyclist injury
severity by disaggregating the crash data into signalized and unsignalized intersections. To
improve bicycle safety at intersections, it is important to understand the factors correlated
with bicycle injuries and fatalities – at both signalized and where there are no traffic signals.
This thesis studies the factors and parameters associated with bicyclist crashes and their
significance in terms of impact on injury severity – using three years of bicyclist crash data
(2016−2018) at signalized and unsignalized intersections in the US State of Oregon. The
main objective of this study is to determine the significant contributing factors associated
with bicyclists’ injury severity and recommend appropriate countermeasures to improve
bicycle safety at both types of intersections.
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Chapter 3: Data
This thesis looks at three years of bicyclist crash data (2016–2018) in the State of Oregon
that was obtained from the Oregon Department of Transportation (ODOT). The dataset
included all the reported bicyclist crashes that occurred at intersections in Oregon between
2016 and 2018. The original dataset contained a total of 1656 instances. To prepare the
data for analysis, 154 instances under Unknown (code 099) intersection type category were
removed, leaving 1502 crashes that were grouped into two categories – signalized and
unsignalized intersections – using the classifications shown in Table 3.1.
Table 3.1. Classification of intersection types based on traffic control devices present.
Description

Traffic signals
Left turn green arrow, lane marking or signal
Right turn green arrow, lane marking or signal
No control (as stated on Police Report)
Flashing beacon – red (stop)
Stop sign
Regulatory sign
Yield sign
Warning sign
One-way street
Special pedestrian signal
Left turn refuge (when refuge is involved)

Traffic
Control Device
Code
001
022
023
000
002
004
006
007
008
015
019
090

Intersection
Types

Signalized

Unsignalized

3.1 Injury Severity Breakdown
As shown in Figure 3.1, unsignalized intersections had the highest share with 57% of the
total reported bicyclist crashes and the rest 43% occurred at signalized intersections in
Oregon. In the original dataset, following four injury categories were present − fatal injury
10

(K), incapacitating injury (A), non-incapacitating injury (B), and possible/slight injury (C);
there were no reported crashes without injury. Because of much smaller sample sizes, fatal
and incapacitating crashes were combined into one category, following previously reported
work (Cerwick et al., 2014; Anderson and Dong, 2017) . The frequencies of the injury
severity shown in Figure 3.1 and Table 3.2 indicate that entire dataset consists of 42.7%
slight injury, 50.5% non-incapacitating injury, 6.7% incapacitating or fatal injury.
Breaking the data down by intersection types did not change the numbers significantly.

Signalized

6.9%

49.2%

43.8%

Unsignalized

6.7%

51.5%

41.8%

648, 43%
854, 57%

Unsignalized

Signalized

Incapacitating major/fatal

Non-incapacitating

Slight

Figure 3.1. The breakdown of total number of crashes by intersection types (left);
percentage breakdown of injury severity types for signalized and unsignalized
intersections.
Table 3.2. Injury severity breakdown by unsignalized & signalized intersections.
Variable Name

Full Dataset

Unsignalized
Intersection

Signalized
Intersection

Slight
Non-incapacitating
Incapacitating major/fatal

641 (42.7%)
759 (50.5%)
102 (6.8%)

357 (41.8%)
440 (51.5%)
57 (6.7%)

284 (43.8%)
319 (49.2%)
45 (7.0%)

3.2 Bicyclist Characteristics
Table 3.3 lists the descriptive statistics of all the variables used in the model estimation.
Approximately 25% of the bicyclists were female – the significantly lower number of
female bicyclists compared to their male counterparts is consistent with published literature
11

as well as FARS data showing significant delta between the number of male and female
bicyclists (Kim et al., 2007; Klassen, El-Basyouny and Islam, 2014). One notable
observation in terms of age is that more than 50% of the total crashes were accounted for
by the age groups between 16−45 years (Figure 3.2). Other bicyclist characteristics include
the use of safety equipment helmet, alcohol, drug, and speeding related effects which were
considered in the analysis.
Table 3.3. Descriptive statistics of the variables used in the model estimations.
Unsignalized
Signalized
intersections
intersections
Standard
Standard
Mean
Mean
Deviation
Deviation

Variable Description
Bicyclist characteristics
Male (1 if bicyclist is male; 0 otherwise)
Age (1 if bicyclist ≤ 10 years; 0 otherwise)
Age (1 if bicyclist aged 11−15 years; 0 otherwise)
Age (1 if bicyclist aged 16−25 years; 0 otherwise)
Age (1 if bicyclist aged 26−35 years; 0 otherwise)
Age (1 if bicyclist aged 36−45 years; 0 otherwise)
Age (1 if bicyclist aged 46−55 years; 0 otherwise)
Age (1 if bicyclist aged 56−65 years; 0 otherwise)
Age (1 if bicyclist > 65 years; 0 otherwise)
Helmet (1 if bicyclist wearing helmet; 0 otherwise)
Helmet (1 if bicyclist not wearing helmet; 0 otherwise)
Weather and environmental condition
Weather (1 if clear; 0 otherwise)
Weather (1 if cloudy; 0 otherwise)
Weather (1 if rainy; 0 otherwise)
Road-Dry (1 if road surface is dry; 0 otherwise)
Road-wet (1 if road surface is wet; 0 otherwise)
Daylight (1 if during daylight; 0 otherwise)
Dark-light on (1 at night and light present; 0 otherwise)
Dark-no light (1 if at night and no light present; 0
otherwise)
Dusk and Dawn (1 if at dusk or dawn; 0 otherwise)
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0.751
0.101
0.097
0.202
0.196
0.164
0.118
0.086
0.036
0.189
0.282

0.432
0.301
0.296
0.401
0.397
0.370
0.323
0.280
0.187
0.391
0.450

0.760
0.093
0.057
0.187
0.219
0.145
0.133
0.111
0.054
0.182
0.274

0.427
0.290
0.232
0.390
0.414
0.352
0.340
0.315
0.226
0.386
0.446

0.716
0.152
0.109
0.795
0.189
0.775
0.118

0.451
0.359
0.312
0.403
0.390
0.418
0.323

0.748
0.121
0.104
0.838
0.144
0.757
0.187

0.434
0.326
0.305
0.369
0.351
0.429
0.390

0.034

0.181

0.011

0.103

0.073

0.260

0.045

0.207

Table 3.3 (continued)
Unsignalized
Signalized
intersections
intersections
Standard
Standard
Mean
Mean
Deviation
Deviation

Variable Description
Temporal Characteristics
Morning-Peak (1 if between 6 and 10 AM; 0 otherwise)
Evening-Peak (1 if between 4 and 8 PM; 0 otherwise)
Day Off-Peak (1 if between 10 AM and 4 PM; 0
otherwise)
Night Off-Peak (1 between 8 PM and 6 AM; 0
otherwise)
Winter (1 if between December and February; 0
otherwise)
Spring (1 if between March and May; 0 otherwise)
Summer (1 if between June and August; 0 otherwise)
Fall (1 if between September and November; 0
otherwise)
Weekdays (1 if during weekdays; 0 otherwise)
Weekend (1 if during weekend; 0 otherwise)
Year 2016 (1 if occurred in 2016; 0 otherwise)
Year 2017 (1 if occurred in 2017; 0 otherwise)
Year 2018 (1 occurred in 2018; 0 otherwise)
Location related factors
Speed-Limit (1 if ≤ 20 mph; 0 otherwise)
Speed-Limit (1 if 25 mph; 0 otherwise)
Speed-Limit (1 if 30 mph; 0 otherwise)
Speed-Limit (1 if 35 mph; 0 otherwise)
Speed-Limit (1 if > 35 mph; 0 otherwise)
Traffic Control (1 if no control; 0 otherwise)
Traffic Control (1 if stop control present; 0 otherwise)
Traffic Control (1 if yield/regulatory/warning sign; 0
otherwise)
Traffic Control (1 if other control; 0 otherwise)
Traffic Control (1 if left/right turning green arrow; 0
otherwise)
Intersection Type (1 if 3 leg intersection; 0 otherwise)
Intersection Type (1 if cross intersection; 0 otherwise)
Intersection Type (1 if other intersections; 0 otherwise)
Turning Leg (1 if intersection with 1 turning leg; 0
otherwise)
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0.232
0.387

0.422
0.487

0.247
0.349

0.432
0.477

0.314

0.464

0.301

0.459

0.067

0.250

0.102

0.303

0.143

0.350

0.162

0.369

0.246
0.301

0.431
0.459

0.247
0.325

0.432
0.468

0.309

0.462

0.266

0.442

0.755
0.245
0.343
0.326
0.331

0.430
0.430
0.475
0.469
0.471

0.717
0.283
0.357
0.315
0.328

0.450
0.450
0.479
0.465
0.469

0.030
0.211
0.049
0.125
0.055
0.070
0.873

0.496
0.408
0.216
0.331
0.226
0.256
0.333

0.028
0.073
0.074
0.184
0.107
-

0.496
0.257
0.262
0.388
0.309
-

0.013

0.113

-

-

0.040

0.196

-

-

-

-

0.006

0.078

0.404
0.560
0.030

0.491
0.496
0.172

0.164
0.791
0.040

0.370
0.406
0.196

0.015

0.123

0.063

0.244

Table 3.3 (continued)
Unsignalized
Signalized
intersections
intersections
Standard
Standard
Mean
Mean
Deviation
Deviation

Variable Description
Turning Leg (1 if intersection without turning leg; 0
otherwise)
Land Characteristics
Rural (1 if rural area; 0 otherwise)
Urban (1 if urban area' 0 otherwise)
Bicyclist movement and location preceding the crash
Bicyclist Movement (1 if going straight;0 otherwise)
Bicyclist Movement (1 if turning right; 0 otherwise)
Bicyclist Movement (1 if turning left; 0 otherwise)
Non-Motorist Location (1 if in bike lane; 0 otherwise)
Non-Motorist Location (1 if in roadway; 0 otherwise)
Crash cause related factors
Crash Cause (1 if motorist failed to yield; 0 otherwise)
Crash Cause (1 if bicyclist failed yield; 0 otherwise)
Crash Cause (1 if disregarded traffic control devices; 0
otherwise)
Type of collision
Collision type (1 if angle collision; 0 otherwise)
Collision type (1 if turning movement; 0 otherwise)
Collision type (1 if other collision; 0 otherwise)
Other Variables
Speed (1 if speeding was involved; 0 otherwise)
Alcohol (1 if alcohol was involved; 0 otherwise)
Driveway (1 if driveway related; 0 otherwise)
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0.978

0.148

0.910

0.286

0.037
0.963

0.190
0.190

0.003
0.997

0.056
0.056

0.920
0.018
0.056
0.211
0.483

0.271
0.131
0.230
0.408
0.500

0.963
0.009
0.019
0.187
0.246

0.189
0.096
0.135
0.390
0.431

0.445
0.122

0.497
0.327

0.440
0.049

0.497
0.217

0.001

0.034

0.301

0.459

0.414
0.558
0.027

0.493
0.497
0.162

0.289
0.677
0.028

0.453
0.468
0.165

0.035
0.029
0.036

0.184
0.169
0.187

0.037
0.034
0.019

0.189
0.181
0.135

25.00%

20.00%
15.00%
10.00%
5.00%

0.00%

Unsignalized

Signalized

Figure 3.2. The distribution of crashes by age groups for unsignalized and signalized
intersections.
3.3 Weather and Environmental Conditions
Consistent across intersection types is that more than 70% of the bicyclist crashes occurred
in clear weather condition. In terms of road conditions, dry road surface accounted for
~80% of the intersection crashes. ~75% of total bicyclist crashes, irrespective of
intersection types, occurred during daylight. This is expected as most bicyclists usually
ride during daylight.

3.4 Temporal Characteristics
Four seasons of the year were defined as follows – Winter: December-February, Spring:
March-May, Summer: June-August, and Fall: September-November. 24-hour day was
broken down to four segments: morning peak hours (6−10 AM), evening peak hours (4−8
PM), day off-peak hours (10 AM – 4 PM), and night off-peak hours (8 PM – 6 AM).
Seasonal breakdown shows that Spring, Summer, and Fall were close to each other in terms
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of their respective crash percentage while Winter accounted for the lowest percentage of
crashes in both types of intersections – 14% for unsignalized and 16% for signalized
intersections. As can be seen from the within-day breakdown (Table 3.3), evening peakhours accounted for the highest percentage of crashes for both types of intersections,
followed by day off-peak and morning peak hours. As expected, night off-peak hours
contributed the lowest percentages.
3.5 Location and Land Use Characteristics
In terms of land use characteristics, most of the bicyclist crashes occurred in urban areas –
only ~4% of unsignalized crashes happened in rural area and for signalized intersections,
that percentage came down to almost none. Among the traffic controls present at
unsignalized intersections, stop control accounted for 87.3% bicyclist crashes and yield,
regulatory, and warning combined accounted for 1.3%.
Another notable statistic is that almost 98% of the bicyclist crashes occurred at
intersections without turning legs. Based on the breakdown of intersection types, crossintersection and 3-legged intersections are the most dominant. For unsignalized
intersections, cross- and 3-legged intersections accounted for 56% and 40% of all the
bicyclist crashes, and for signalized case, the corresponding contributions are 79% and
16%, respectively.
Posted speed limits had different trends for two types of intersections. Speed limit
of 35 mph had the higher percentage of bicyclist crashes at signalized intersections while
for unsignalized intersection, highest percentage of crashes occurred at 25 mph speed limit.
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3.6 Bicyclist Movement and Right of Way
Majority of the bicyclist crashes at intersections occurred when bicyclists were
traveling straight – 92% and 96% for unsignalized and signalized intersections,
respectively. In both types of intersections, non-motorist location preceding the crash
played a role. Unsignalized and signalized intersections had 48.3% and 24.6% of bicyclist
crashes when bicyclists were in roadway at intersections, while the corresponding
contributions when bicyclist was in bike lane were 21.1% and 18.7%, respectively. In terms
of right of way, ~45% bicyclist crashes at intersections occurred due to driver’s failure to
yield right of way.
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Chapter 4: Methodology
Various econometric models have been applied to analyze injury severity outcomes from
traffic crashes and to find the significant contributing factors. Due to the ordinal nature of
the dependent variables in crash severity analysis, for example, slight injury to fatality,
ordered choice models became popular (Kaplan and Prato, 2012). However, these models
are based on the assumptions that all estimated parameters remain constant across
observations that can lead to inaccurate parameter estimates (Eluru et al., 2008).
Alternatively, multinomial logit model (MNL) also has gained popularity since it
overcomes this limitation of the ordered choice models, resulting in more accurate
parameter estimates and any associated inferences (Washington, Karlaftis and Mannering,
2003; Haleem and Gan, 2013; Cerwick et al., 2014). Kim et al. (2013) developed mixed
logit (MXL) models to analyze heterogeneous effects of driver age and gender on injury
severities in single-vehicle crashes in California. Anderson et al. (2017) developed MXL
models for heavy vehicle driver injury investigations and found that MXL model was better
for modeling crash injury analysis. Several studies that focused on bicyclist crash data
analysis also adapted MXL framework (Klassen, El-Basyouny and Islam, 2014; Behnood
and Mannering, 2017). Therefore, this thesis incorporated the mixed logit framework for
the analysis.
For the injury severity analysis at unsignalized and signalized intersections in
Oregon, bicyclist injury severity (the dependent variable) is coded on a three-point scale:
1 = slight injury (possible injury – C), 2 = non-incapacitating injury (suspected minor injury
– B), and 3 = incapacitating injury & fatality (suspected serious injury – A and fatal injury
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– K). A MXL model was developed identifying the significant explanatory variables that
affect the bicyclist injury severity at both types of intersections. The MXL can be expressed
as a linear-in-parameters severity function given below (Washington, 2003).
𝑆𝑖𝑛 = 𝜷𝑖 𝑿𝑖𝑛 + 𝜀𝑖𝑛

(4-1)

where, Sin is called propensity or linear-in-parameters function that defines discrete injury
severity i (slight, non-incapacitating, incapacitating/fatal, etc.) for observation n, βi is a
vector of estimable parameters and Xin is a vector of explanatory variables (e.g., bicyclist
characteristics, weather characteristics, and land use type) in the observed data for
observation n with injury severity i, and finally εin is the disturbance term that represents
the unobservable impacts on severity outcomes. The significance of the disturbance term
is that it is used to arrive at a statistically estimable probabilistic model (Washington,
2003). Based on the assumption that disturbance terms are extreme value distributed, the
standard multinomial logit model (MNL) can be expressed as follows (Manski and
McFadden, 1981; Washington et al., 2003).
𝑃𝑛 (𝑖) = ∑

exp[𝜷𝒊 𝑿𝑖𝑛 ]

(4-2)

∀𝐼 exp[𝜷𝑖 𝑿𝑖𝑛 ]

where, Pn(i) is the probability of crash observation n having a discrete outcome i (i belongs
to I, with I denoting all possible injury severities). The disturbance term, εin, in Equation
(4-1) cannot capture all the possible unobserved impacts because sometimes it is possible
that not every variable contributing to an injury severity is in the crash report form (i.e.,
crash data). To account for those factors, the above equation is written as follows to
introduce a mixing distribution (Washington et al., 2003).
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𝑃𝑛 (𝑖|ɸ) = ∫ ∑

exp[𝜷𝑖 𝑿𝑖𝑛 ]

∀𝐼 exp[𝜷𝑖 𝑿𝑖𝑛 ]

𝑓(𝜷|ɸ)𝑑𝜷

(4-3)

where, Pn(i|ɸ) is the weighted outcome probability of crash observation n resulting in
injury severity i, with the weight being determined by f(β|ɸ). f(β|ɸ) is the density function
of β and distributional parameter ɸ that denotes a vector of parameters depicting the density
function. This equation allows parameters to vary based on the distribution of β, which is
generally specified to have a normal distribution. It means that β can now account for
individual bicyclist-specific variations in the explanatory variables Xin. It is worth noting
at this point that when there is parameter variation across observations, MNL model
becomes an MXL model and when there is no variation meaning f(β|ɸ) = 1, the MXL
model reduces back to standard MNL model (Washington, Karlaftis and Mannering, 2003;
Haleem and Gan, 2013). In an MXL model, some parameters are randomly distributed and
some parameters are fixed across observations (Manski and McFadden, 1981; Train, 2009).
Another advantage of the MXL model is that unlike its multinomial counterpart, it does
not suffer from the independence of irrelevant alternatives (IIA) constraint (Train, 2009;
Haleem and Gan, 2013), which means that the ratio of probabilities of any two outcomes
is independent of the availability of a third alternative.
To infer the impact of significant factors from model estimates, the following
marginal effect equation was used to determine the effect of a change in an indicator
variable on the outcome probability of injury severity, i (Greene, 2003).
𝑃 (𝑖)

𝑀𝑋𝑛𝑛𝑘(𝑖) = 𝑃𝑛 (𝑖)[𝑋𝑛𝑘(𝑖) = 1] − 𝑃𝑛 (𝑖)[𝑋𝑛𝑘(𝑖) = 0]

20

(4-4)

𝑃 (𝑖)

where 𝑀𝑋𝑛𝑛𝑘(𝑖) is the effect of indicator variable Xnk(i) on the outcome probability of injury
severity i, and Xnk(i) changes from zero to one while other variables are held constant.
Finally, to determine the significance of the log-likelihood values, the following
equation was used (Washington, Karlaftis and Mannering, 2003).
𝜒 2 = −2[𝐿𝐿(𝜷𝐹𝑖𝑥𝑒𝑑 ) − 𝐿𝐿(𝜷𝑅𝑎𝑛𝑑𝑜𝑚 )]

(4-5)

where 𝐿𝐿(𝜷𝐹𝑖𝑥𝑒𝑑 ) is the log-likelihood for the model with fixed parameters and
𝐿𝐿(𝜷𝑅𝑎𝑛𝑑𝑜𝑚 ) is the same for the model with random parameters, and 𝜒 2 is a chi-square
statistic with degrees of freedom equal to the number of random parameters in 𝜷𝑅𝑎𝑛𝑑𝑜𝑚 .
A simulation-based maximum likelihood method is used to estimate model
parameters because of its computational cost-efficiency (Washington, Karlaftis and
Mannering, 2003). The question though is how to efficiently draw β values from f(β|ɸ) to
make sure that the probability approximation is accurate, but with as few draws as possible.
Halton draws or Halton sequence, a technique developed by Halton (1960), have been
shown to be very effective in this regard and widely used in literature. Simulation with 200
Halton draws has been verified to provide an efficient distribution of draws for numerical
integration of the logit function over the distribution of the random parameters than purely
random draws (Bhat, 2003; Milton, Shankar and Mannering, 2008). In this work 200
Halton draws were used.
This work focuses on bicyclist crash injury severity at two types of intersections
and one of the goals is to determine if crash data at two intersections need two separate
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models. To determine that, a parameter transferability is performed using a more complex
version of Equation (4-5) as follows.
𝜒 2 = −2[𝐿𝐿(𝜷𝑏𝑎 ) − 𝐿𝐿(𝜷𝑎 )]

(4-6)

where 𝐿𝐿(𝜷𝑏𝑎 ) is the log-likelihood at convergence of the model on dataset a using the
converged parameters from dataset b and 𝐿𝐿(𝜷𝑎 ) is the log-likelihood at convergence of
the model on dataset a using the parameters from the same. The distribution of 𝜒 2 has
degrees of freedom equal to the number of estimated parameters in βba and 𝜒 2 statistic
provides the probability that the models have different parameters. This parameter
transferability test provides a good assessment of the model’s transferability.
The MXL model used in this work was fitted while considering the random
parameters to have normal distribution since it was shown in the literature to yield better
fit compared to other types of distributions (Haleem and Gan, 2013). The NLOGIT 5.0
(LIMDEP) software package was used for model fitting (Econometric Software, Inc.
2016). A 10% level of significance was used as the threshold to keep as many significant
variables as possible to satisfy the main research objective of finding determinant factors
of bicyclist crash severity.
Standard normal distribution or Z-formula where, Z stands for a variable in the
context of the standard normal distribution, was used for random parameters as shown
below.
𝑍 =

𝑋−𝜇

(4-7)

𝜎
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where, µ is the mean and σ is the standard deviation of the variable X. A standard normal
Z-distribution plot is shown in Figure 4.1. Based on the Z value from Equation (4-7), the
percentage values can be calculated from the Z-tables (Haleem and Gan, 2013).

-3σ

-2σ

-1σ

μ

+1σ

+2σ

+3σ

Figure 4.1. Normal Z-distribution used to fit the random parameters.
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Chapter 5: Results and Discussion
This chapter discusses the model selection, testing, and detailed results from the crash data
analysis using the MXL framework.
5.1 Model Significance
To evaluate the statistical significance of the MXL model (i.e., MNL model with random
parameters) compared to its fixed-parameter counterpart, a log-likelihood ratio test was
conducted using the Equation (4-5) for both signalized and unsignalized intersections. The
results indicate that the MXL model log-likelihood for unsignalized intersections with two
degrees of freedom and a chi-square statistic of 10.8 with two random parameters is
significant with 99% confidence. The log-likelihood ratio test for signalized intersections
yielded a chi-square statistic of 5.28 and one degree of freedom, making the MXL model
log-likelihood is of more significance with 97.5% confidence than the model with fixed
parameters.
To determine whether unsignalized and signalized intersections need separate
models, in other words to understand the model separation, a parameter transferability test
was conducted by using Equation (4-6), and the test results are shown in Table 5.1. The
results for signalized intersections (a chi-square statistic of 134.60 with 13 degrees of
freedom) and unsignalized intersections (a chi-square statistics of 100.64 with 8 degrees of
freedom) clearly indicate that the null hypothesis – the signalized and unsignalized
intersections can be modeled holistically – was rejected. Which is to say that the bicyclist
injury severity data need to be modeled independently for signalized and unsignalized
intersections well over 99% confidence level.
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Table 5.1. Chi-square statistics and degrees of freedom for parameter transferability test
between unsignalized and signalized intersections.

Signalized
Unsignalized

Signalized

Unsignalized

0
100.64 (8)

136.40 (13)
0

In addition to this test, the difference in the contributing factors that affect the injury
severity of bicyclists at signalized and unsignalized intersections also requires two
intersections be analyzed separately. Furthermore, the McFadden’s Pseudo-R2 is greater
than 0.1 in both models, indicating that the models have good statistical fits (Ulfarsson,
Kim and Booth, 2010). In the following subsequent sections, the results based on the used
models are discussed for unsignalized and signalized intersections.
5.2 Significant Factors in the Injury Severity Model for Unsignalized Intersections
The final estimated model specifications for unsignalized intersections are shown in Table
5.2. A total of 14 variables were found significant in the best fitted MXL model for the
crashes at unsignalized intersections and the estimated parameters for 12 out of those 14
variables were found to be fixed across observations in the model, while the estimated
parameters for two variables – bicyclist not wearing helmet and clear weather conditions
− were found to be random across observations.
5.2.1 Random Parameters at Unsignalized Intersections
At unsignalized intersections, the estimated parameter for indicator variable when
bicyclists were not wearing helmets was found to be random and normally distributed with
a mean of -0.818 and standard deviation of 2.523, as depicted in Figure 5.1. For 37% of
the bicyclists, the estimated parameter mean was greater than zero and the rest 63% of
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bicyclists had an estimated parameter mean less than zero. This result indicates an
increased likelihood of a slight injury outcome for 37% of the bicyclists who do not wear
a helmet and a decreased likelihood for 63% of bicyclists.
Table 5.2. MXL model results for bicyclist injury severity at unsignalized intersections.
Variables

Estimated
Coefficient

Slight Injury
Constant
1.353
Helmet (1 if bicyclist not wearing helmet; 0 otherwise)
-0.818
(Standard deviation of parameter, normally distributed)
2.523
Age (1 if bicyclist ≤ 10 years; 0 otherwise)
0.715
Urban (1 if urban area; 0 otherwise)
0.837
Winter (1 if between December and February; 0 otherwise)
0.557
Non-incapacitating Injury
Constant
0.945
Weather (1 if clear; 0 otherwise)
0.687
(Standard deviation of parameter, normally distributed)
4.032
Male (1 if bicyclist is male; 0 otherwise)
0.522
Speed limit (1 if > 35 mph; 0 otherwise
2.029
Traffic control (1 if stop control present; 0 otherwise)
0.734
Non-motorist location (1 if in bike lane; 0 otherwise)
0.993
Year (1 if occurred in 2018; 0 otherwise)
-0.502
Incapacitating & Fatal Injury
Age (1 if bicyclist > 65 years; 0 otherwise)
1.366
Alcohol (1 if alcohol was involved; 0 otherwise)
2.089
Evening-peak (1 if between 4 and 8 PM; 0 otherwise)
-0.694
Collision type (1 if angle collision; 0 otherwise)
0.516
Model Statistics
Number of observations
854
Log-likelihood at Zero
-938.21
Log-likelihood at Convergence
-720.10
McFadden Pseudo R-square
0.22
Note: alpha is less than 0.10 in the model; a→ Significant in MNL

tstatistic

pvalue

1.95
-2.01
1.92
1.76
1.26
1.80

0.051
0.045
0.055
0.078
0.206a
0.071

1.81
2.11
2.44
1.79
2.83
1.84
2.88
-1.76

0.071
0.035
0.015
0.073
0.005
0.066
0.004
0.078

2.33
2.96
-1.81
1.60

0.020
0.003
0.071
0.110a

The heterogenous nature of this explanatory variable could be explained by the fact
that the tendency to use a safety equipment (e.g., helmet) varies among age groups of
bicyclists, the location type in terms of land use, speed limit of the traveling route, how
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much a bicyclist spends for riding a bike each year, education of the rider, environmental
condition, etc. The study by Harlos et al. (1999) found that helmet use in urban areas is
higher than the rural areas across genders and all age groups. Wasserman et al. (1988)
reported that the rates of wearing a helmet when riding a bike are greater among highly
educated bicyclists.

37%

63%

Figure 5.1. Normal distribution plot for the indicator variable − bicyclist not wearing
helmet.
Numerous research studies have found that there is significant correlation between
helmet usage and bicyclist injury severity. Not wearing a helmet increased the likelihood
of severe injuries most commonly head and brain injuries for bicyclists and it was shown
that helmets provide protection against such injuries (Wasserman et al., 1988; EilertPetersson and Schelp, 1997; Povey, Frith and Graham, 1999; Amoros et al., 2012). Kim et
al., (2007) explored the contributing factors for the bicyclist’s injury severity in bicyclemotor vehicle crashes in North Carolina, and the authors found that the probability of fatal
injury decreased by 24.3% for bicyclists who wore helmets while riding bicycles.
According to Oregon’s bicycle helmet law, any bicyclist operator younger than 16 years
27

must need to wear a helmet; however, any bicyclists 16-year or older are encouraged but
not required to wear helmets (Oregon’s Bicycle Helmet Law; Oregon Department of
Transportation). Based on the results from this study and prior reports on the correlation
between helmet use and injury severity, it can be inferred that enacting a law requiring all
bicyclists wear helmets irrespective of their ages will significantly reduce injury severity.
Table 5.3. Marginal Effects of Significant Variables in the Mixed Logit Model for
Unsignalized intersections.
Variables

Slight Injury
Helmet (1 if bicyclist not wearing helmet; 0
otherwise)
Age (1 if bicyclist ≤ 10 years; 0 otherwise)
Urban (1 if urban area; 0 otherwise)
Winter (1 if between December-February; 0
otherwise)
Non-incapacitating Injury
Weather (1 if clear; 0 otherwise)
Male (1 if bicyclist is male; 0 otherwise)
Speed limit (1 if > 35 mph; 0 otherwise
Traffic control (1 if stop control present; 0
otherwise)
Non-motorist location (1 if in bike lane; 0
otherwise)
Year (1 if crash occurred in 2018; 0 otherwise)
Incapacitating & Fatal Injury
Age (1 if bicyclist > 65 years; 0 otherwise)
Alcohol (1 if alcohol was involved; 0 otherwise)
Evening-peak (1 if between 4–8 PM; 0 otherwise)
Collision type (1 if angle collision; 0 otherwise)

Slight
Injur
y

Nonincapacitatin
g Injury

Incapacitatin
g & Fatal
Injury

-0.010

0.001

0.009

0.009
0.106
0.012

-0.007
-0.081
-0.009

-0.002
-0.025
-0.002

-0.023
-0.038
-0.008
-0.064

0.020
0.046
0.010
0.076

0.003
-0.008
-0.002
-0.012

-0.022

0.025

-0.003

0.016

-0.019

0.003

-0.004
-0.004
0.006
-0.008

-0.002
-0.004
0.004
-0.005

0.006
0.008
-0.010
0.013

The estimated parameter for bicycle crashes that occurred during clear weather
condition was found to be random and normally distributed for non-incapacitating injury
at unsignalized intersections. A mean of 0.687 and a standard deviation of 4.032, as shown
in Figure 5.2, indicate that for 57% of bicyclists, the estimated parameter mean was greater
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than zero, while an estimated parameter mean was less than zero for 43% of bicyclists. In
other words, 57% of bicyclists were more likely to sustain a non-incapacitating injury at
unsignalized intersections if the weather was clear, yet less likely for 43% of bicyclists.
The heterogeneous nature of the estimated parameter for clear weather condition is
consistent with Behnood and Mannering (2017), where the authors studied the injury
severity of bicyclists from police-reported bicyclist-vehicles crashes occurred in Los
Angeles.

43%

57%

Figure 5.2. Normal distribution plot for the indicator variable – clear weather condition.
They reported that the clear weather conditions can increase the probability of nonincapacitating injuries outcome by 0.0312. However, these results contradict with findings
by Wang et al., (2015) on the State of Kentucky’s bicyclist injury severity at unsignalized
intersections, where the authors reported that inclement weather conditions (foggy and
rainy) increase the probability of injury severity because of the lower visibility in foggy or
rainy weather conditions. The finding that clear weather in Oregon increases the probability
of non-incapacitating injury is likely not directly correlated with the weather condition
itself rather with the change in driving behaviors due to clear weather. One possible
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explanation for the heterogeneous nature in the observations of the clear-weather
explanatory variable could be that the driving and riding behaviors of the road users may
vary from person to person with road surface and weather conditions and lead to
unobserved heterogenous effects on the injury severity outcome probabilities. For example,
in dry road surface condition with clear weather, drivers may drive faster than other road
surface conditions (such as wet, icy) which can result in more severe injury if there is a
crash.
5.2.2 Fixed Parameters at Unsignalized Intersections
Among the reported bicyclist characteristics, the age of the bicyclist was found to be
statistically significant variable in influencing injury-severity outcome probability at
unsignalized intersections. Particularly, the marginal effects values for unsignalized
intersections indicate that bicyclists aged 10 years or younger had the greatest effects on
injury severity. Marginal effects (Table 5.3) show that this age group had a 0.009 higher
probability of slight injury, and a 0.007 and 0.002 lower probability of non-incapacitating
and incapacitating or fatal injury, respectively. This finding is consistent with what Shen
et al., 2020 found in their study, where they reported that bicyclists younger than 15 years
are more likely to involve in slight injuries when the crash occurred at roundabouts,
crossroads and T-junctions. However, the findings in this study contradict the ones from
Wang et al., 2015 study, which was conducted based on Kentucky’s unsignalized
intersections, where they found that child bicyclists of age 16 years or younger are more
likely to sustain both non-incapacitating and incapacitating or fatal injuries.(Wang, Lu and
Lu, 2015). One possible reason of the difference could be that child bicyclists are more
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likely to ride under the guidance of their parents or other adults and, they are more likely
to ride for recreational purposes within the lower speed zones, which eventually lead to
less severe injury because a crash occurred in a lower speed zone is likely to result in less
severe injury whereas crashes in higher speed zones often cause more severe injuries.
Moreover, Oregon has a strict rule in place for safety equipment use for the younger
bicyclist and according to Oregon’s bicycle helmet law any bicyclist operator younger than
16 years must need to wear helmet; thus, wearing a helmet rule for child bicyclist in Oregon
might be possible explanation for the probability of less serious injury (Oregon’s Bicycle
Helmet Law; Oregon Department of Transportation).
It was also found that bicyclists age group of more than 65 years was found to be
significant on injury severity according to the marginal effect of the indicator variable. The
results show that crashes involving more than 65 years old bicyclists have a 0.006 higher
probability of resulting in incapacitating/fatal injury, 0.004 and 0.002 lower probability of
slight and non-incapacitating injury, respectively. Kim et al., 2007 reported similar results
that the older bicyclists are more likely to be fatally injured when they are involved in
bicycle-motor vehicle crashes than younger age groups. Maring and van Schagen (1990)
reported that age itself is not a main factor contributing to the injury severity outcome,
rather other associated factors with age that affect the outcomes. For example, a person’s
increased perception and reaction times with age are not included in the model which might
impact the crash severity outcomes, since people responding slowly might increase the
possibility of more severe injuries. Furthermore, due to various medical conditions with
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increasing age, older adults are more fragile which can also increase the injury severity in
a crash.
Another widely studied bicyclist characteristic is the bicyclist gender. The indicator
variable for male bicyclists in this study was found to be significant for unsignalized
intersections and resulted in a 0.046 higher probability of a non-incapacitating injury crash
according to marginal effects, while showing 0.038 and 0.008 lower probabilities of slight
injury and incapacitating or fatal injury, respectively. These findings support previously
published work on determinants of crash injury severity where male bicyclists were found
to have a higher likelihood of more severe injuries compared to their female counterparts
(Kim et al., 2007; Behnood and Mannering, 2017). Behnood et al. also found that there is
a decrease in the probability of the no-visible-injury outcome for men; however, they are
more likely to sustain a minor and severe injuries compared to female bicyclists. Whereas,
another study by Klassen, El-Basyouny and Islam (2014) found an opposite result where
male cyclists at intersections have a decreased likelihood of severe injury outcome. These
inconsistency in the results may be explained by the significant difference in the ride
frequency between gender types, their riding behavior, etc. It was presented in Chapter 3
that 75% of the bicyclists involved in the crashes are male. In addition, it is possible that
the male bicyclists are more comfortable riding with the higher exposure in the roadway
which eventually increases their injury severity in a crash.
In terms of land use characteristics, bicycle crashes that occurred in the urban area
showed the highest impact on injury severity outcome and are homogeneous across
observations. Based on the marginal effects for unsignalized intersections, bicyclists in
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urban area have a 0.106 higher probability of slight injury, and 0.081 and 0.025 lower
probabilities of non-incapacitating and incapacitating/fatal injury, respectively. Amsden
and Huber (2006) evaluated the difference between bicycle crashes in urban and rural area,
and they found in their study that bicycle crashes are intuitively more likely to be
concentrated in urban streets and at intersections because of higher road users in the urban
area which eventually leads to more frequent opportunities of conflict between road users.
The dataset in this study is consistent with the above statistics – 97% of the unsignalized
intersection crashes in this study occurred in urban areas. Additionally, Jensen (2008)
found that both bicyclist injury severity and crash frequency increase by 10% in urban area
compared to rural locations, while the outcome is more severe in rural areas and 28% more
compared to crashes occurring in urban areas, reported by Boufous et al., 2012.
The reason for decreased likelihood of incapacitating/fatal injury during the
evening peak hours could be due to the fact that during these hours, vehicles move at slower
speed due to higher traffic volume, and obviously a crash that occurs at a lower speed is
more likely to reduce the injury severity outcome. Other possible explanation might be the
rider’s behavior and the trip purpose of the bicyclists; for example, it is possible that more
biking during the afternoon time is mostly for leisure and bicyclists tend to be less
aggressive. It was reported by Eilert-Petersson and Schelp (1997) that the use of bicycles
during morning peak hours are mostly for commute and during that peak time, both
bicyclist and motorist are more aggressive than other times of the day – that can potentially
increase the bicyclist injury severity during a crash. The study by Kim et al. (2007) also
reported similar findings. Another thing to be noted about the evening peak is the potential
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lack of proper illumination which could also be a reason for the crash during the evening peak hours, as it is difficult to recognize a bicyclist if not wearing a reflective cloth. One
way to understand the effects of lighting on bicyclist injury severity outcome, the use of
reflective equipment when riding a bike during poor lighting condition need to be analyzed.
The crash data analysis in this work is based on crash data from 2016−2018. Based
on the results, the year of 2018 came out to be significant in terms of injury severity (Table
5.3) − if crash occurred in year of 2018, the slight injury probability increased by 0.016 on
average, with probabilities of non-incapacitating and incapacitating/fatal injury decreased
by 0.019 and 0.003, respectively. It is not clear why 2018 flags to be significant. Bicyclist
injury severity from crashes occurred in 2018 might have some relation with the weather
condition and the volume of the road users that year both of which are unknown in this
study.
Among location related factors, explanatory variables for speed limit greater than
35 mph and stop controlled intersections were found to be significant for injury severity
outcome probability. Speed limit greater than 35 mph increases the likelihood of nonincapacitating injury and are homogeneous across observations. Based on the marginal
effects, speed limit greater than 35 mph increases the probability of a non-incapacitating
injury by 0.010, on average, and decreases the slight injury and incapacitating or fatal
injury probability by 0.008 and 0.002, respectively. Numerous researchers also found that
higher speed limit increases the risk to be involved in more serious crashes (Summala et
al., 1996; Rasanen and Summala, 2000; Stone and Broughton, 2003). The potential reason
is that when a motorist approaches with higher speed it also modifies the motorist’s visual
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scanning pattern because the motorist driving at a higher speed pays more attention to the
most relevant direction and often tends to ignore the less relevant one (Summala et al.,
1996; Rasanen and Summala, 2000). Räsänen and Summala's (1998) research results
indicated that the most frequent type of bicycle–motor vehicle accidents was related to a
driver’s right turning movement and when a bicyclist was coming from the driver’s right.
Thus, lowering the speed limit with separate bike path can improve the overall bicycle
safety as well as it will help to reduce the stress level for vulnerable road users (Kim et al.,
2007).
Stop controls present at unsignalized intersections have significant impact on the
bicyclist injury severity. Marginal effects shown in Table 5.3 indicate a 0.076 increase in
the probability of a non-incapacitating injury and decreases of 0.064 and 0.012 in slight
and incapacitating/fatal injury probability, respectively. However, this result contradicts
with Wang et al., (2015), where the authors showed that the stop-controlled intersection
decreases the probability of severe bicycle injury and bicyclists are more likely to be
severely injured at uncontrolled intersections. The authors supported their findings with a
correlation with driver speed because normally drivers tend to decelerate before reaching
stop-controlled intersections. But the data do not clearly indicate how the bicyclists’ or
drivers’ behavior changes at controlled intersections (e.g., stop controlled intersections)
and uncontrolled intersections. Thus, it can be said from the results that the increased injury
severity at stop-controlled intersections might be significantly linked with the driver and
rider behavior; for example, if the driver or bicyclist tends to disregard the traffic control
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device or they did not yield to the right of way, it eventually leads to increased severity
outcome.
Non-motorist location at unsignalized intersection also has a significant impact on
injury severity outcome, more specifically when bike lane is present at the intersections.
Marginal effects in Table 5.3 indicate that if a bicyclist is in a bike lane at intersections and
involved in a crash, there is a 0.025 increase in the probability of the non-incapacitating
injury severity while 0.022 and 0.003 decrease in the slight injury and incapacitating or
fatal injury probabilities, respectively. It should be noted that these crash results are not
directly connected with the bike lane present at unsignalized intersections, because the
variable here is not able to capture the exposure of the bicyclists as well their traffic stress
level for riding a bike in the available facility. It could be possible that more riders use a
particular roadway due to the presence of surrounding biking facilities. Some riders also
have a tendency of disregarding traffic control device and not yielding to the right of way,
and drivers’ behaviors like aggressive driving and speeding can play a role as well. Other
factors include whether there is a school, park, or playground nearby which means that it
is expected to have child bicyclists using the bike facility, and due to their age and
judgement compared to adults, crash injury severity is likely going to be higher.
Regarding the impact of collision type on the injury severity, it was found that the
bicyclists involved in angle collisions were found to significantly increase the probability
of incapacitating or fatal injury at unsignalized intersections. As shown by the marginal
effects, angle collisions increase the probability of incapacitating/fatal injury by 0.013, on
average, and decrease the probability of slight and non-incapacitating injury by 0.008 and
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0.005, respectively. This result is consistent with Yan et al. (2011), who reported that angle
collisions with irregular maneuvers also contribute to a severe collision. This type of
collision at unsignalized intersections may be greatly related to poor vision angle making
it harder to properly detect the through vehicles from the opposite directions and bicycles
at the right approach significantly increasing the severity outcome in a crash. Failure to
yield the right of way or denying the right of way could also be a reason for angle collision
at an unsignalized intersection and Bíl et. al., (2010) found that denying the right of way
was observed to be the most significant action leading to a fatal collision when the cyclist
was at fault.
The explanatory variable if alcohol was involved with the crash occurrence at
unsignalized intersections also showed to have significant impacts on the injury severity
and has a 0.008 higher probability of incapacitating or fatal injury, while leading to a 0.004
and 0.004 lower probability for slight and non-incapacitating injury, respectively. There
have been a significant number of studies where the authors investigated the correlation
between alcohol consumption and the injury severity in terms of rider’s safety analysis.
Numerous studies found strong correlation of injury severity and alcohol involvement in
bicyclist crashes (Andersson and Bunketorp, 2002; Kim et al., 2007) where authors
reported that if cyclist intoxication was involved in a bicyclist crash the injury severity
outcome is more likely to be a severe injury, because the ability to react accordingly might
be impaired with the alcohol consumption and which eventually affects the probability of
the crash severity, while Olkkonen and Honkanen, (1990) mentioned that the bicyclist
intoxication could increase the chance of falling which can increase the probability of
severe injury severity in bicycle-motor vehicle collision. The study by Kim et al., (2007)
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showed that intoxication of either driver or bicyclist significantly influenced bicyclist
injury severity outcome probability. According to their results, they found that the
probability of bicyclist suffering a fatal injury increased by 265.2% if the crash is driver
intoxication related and 173.9% if bicyclist intoxication related.
5.3 Significant Factors in the Injury Severity Model for Signalized Intersections
The final estimated model results for signalized intersections are shown in Table 5.4. Total
eight variables were found to be significant in the best fitted mixed logit model for
signalized intersections. Only one of the eight variables had estimated parameters random
across observations while the estimated parameters for the rest seven variables were found
to be fixed across observations.
5.3.1 Random Parameters at Signalized Intersections
The estimated parameter for cross-signalized intersection was found to be random and
normally distributed for non-incapacitating injury severity functions. With a mean of 0.217 and a standard deviation of 3.659, the normal distribution in Figure 5.3 indicates
that for 48% of the bicyclists the estimated parameter mean is greater than zero, while 52%
of the bicyclists the estimated parameter mean is less than zero. In other words, sustaining
a non-incapacitating injury at signalized cross type intersections were more likely for 48%
of the bicyclist, and less likely for 52% of the bicyclists. Cross-signalized intersections
accounted for almost 80% of the crashes that occurred at signalized intersections in the
dataset used in this study (refer to Chapter 3). One possible reason for this significantly
higher percentage might be that the cross-intersections are more likely to be signalized than
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other types of intersections depending on the traffic volume and the functional
classification of the roadway networks.
Table 5.4. MXL model results for bicyclist injury severity at signalized intersections.
Variables

Estimated
tCoefficient statistic

pValue

Slight Injury
Constant
1.968
Helmet (1 if bicyclist not wearing helmet; 0 otherwise)
-0.384
Age (1 if bicyclist aged 26−35 years; 0 otherwise)
-0.710
Crash Cause (1 if motorist failed to yield; 0 otherwise)
0.413
Spring (1 if between March and May; 0 otherwise)
-0.546
Weather (1 if clear; 0 otherwise)
-1.100
Non-incapacitating Injury
Constant
1.188
Intersection Type (1 if cross intersection; 0 otherwise)
-0.217
(Standard Deviation of Parameter, Normally Distributed)
3.659
Incapacitating & Fatal Injury
Bicyclist Movement (1 if going straight; 0 otherwise)
-1.091
Speed (1 if speeding was involved; 0 otherwise)
1.289
Model Statistics
Number of observations
648
Log-Likelihood at Zero
-711.90
Log-likelihood at Convergence
-561.73
McFadden Pseudo R-square
0.20
Note: alpha is less than 0.10 in the model; a→ Significant in MNL

52%

2.94
-1.42
-2.42
1.65
-1.97
-3.61

0.003
0.155a
0.015
0.099
0.048
0.000

1.88
-0.74
1.75

0.061
0.460
0.081

-1.72
1.96

0.086
0.050

48%

Figure 5.3. Normal distribution plot for the indicator variable – cross intersection type.
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It should be noted that 99.7% of all the bicyclist crashes at signalized intersections
occurred in urban area. One obvious reason could be that urban areas have significantly
higher population density, more bike facilities, offices, and recreational places that attract
much higher number of bicyclists on the roads compared to rural area. In line with the
above statistics, more bike riders use the same roadway because of some form of available
bike facilities; for example, the urban central business district area has a higher probability
of collision. However, the relatively lower speed limit in the urban area eventually
decreases the probability of non-incapacitating injury severity. On the other hand, if there
is a crash at a rural signalized intersection, there is a higher probability of severe injury due
to lack of adequate bike facility as well as higher level of traffic stress. These could explain
the reason of heterogeneous nature of this variable at signalized intersections. Klassen, et
al. (2014) reported that the presence of crosswalk or no crosswalk at all also have some
relationship with the crash severity at cross-signalized intersections – absence of crosswalk
makes bicyclist more cautions and the authors suggested that providing additional cycledesignated crossing may improve the overall bicyclist safety at such intersections. One
major difference between signalized and unsignalized intersections is that a signalized
intersection determines the movement for each traffic direction and for that reason both
bicyclist and driver do not directly need to assess their surrounding which might be linked
with the probability of the injury severity outcome because if one party is in fault or has a
tendency of disregarding traffic signal and the other party is not aware of that there is likely
a higher chance of collision between them.
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Table 5.5. Marginal Effects of Significant Variables in the Mixed Logit Model for
Signalized intersections.
Variables

Slight Injury
Helmet (1 if bicyclist not wearing helmet; 0 otherwise)
Age (1 if bicyclist aged 26−35 years; 0 otherwise)
Crash Cause (1 if motorist failed to yield; 0 otherwise)
Spring (1 if between March and May; 0 otherwise)
Weather (1 if clear; 0 otherwise)
Non-incapacitating Injury
Intersection Type (1 if cross intersection; 0 otherwise)
Incapacitating & Fatal Injury
Bicyclist Movement (1 if going straight; 0 otherwise)
Speed (1 if speeding was involved; 0 otherwise)

Slight
Injury

Nonincapacitat
ing Injury

Incapacita
ting &
Fatal
Injury

-0.015
-0.023
0.027
-0.020
-0.123

0.010
0.015
-0.021
0.013
0.086

0.005
0.008
-0.006
0.007
0.037

0.006

-0.010

0.004

0.042
-0.004

0.018
-0.002

-0.060
0.006

5.3.2 Fixed Parameters at Signalized Intersections
The estimated parameter for the variable, not wearing helmet, is fixed for signalized
intersections whereas it was random for unsignalized intersections. For signalized
intersections, it showed a 0.015 decrease in slight injury outcome probability while 0.010
and 0.005 higher probability of non-incapacitating and incapacitating/fatal injury,
respectively. Not wearing a helmet at signalized intersections has a homogeneous nature
across observations unlike at unsignalized intersections where it showed a heterogeneous
behavior. For both types of intersections, not wearing helmet has higher probability of
incapacitating or fatal injury, consistent with previously published reports about the impact
of helmet on crash injury severity (Povey, Frith and Graham, 1999; Amoros et al., 2012;
Kim et al., 2007).
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Marginal effects in Table 5.5 show that the indicator variable, age, has significant
impact on the crash severity outcome probability at signalized intersections. Bicyclists
aged in the range 26−35 years have 0.023 lower probability of slight injury, while showing
0.015 and 0.008 higher probability of non-incapacitating and incapacitating/fatal injury,
respectively. The injury severity for this age group may depend on the location of the crash
considering they are physically stronger than other age groups; for example, if the crash
occurred in low exposure area with less traffic volume, low traffic speed, or a specific time
of the day when traffic volume is significantly lower than usual, it is mostly likely to result
in a less severe injury. But instead, if it occurred a high exposure area, for example, in a
roadway with higher speed and/or in the adverse environmental condition when visibility
might be impaired due to the weather condition, the crash is likely to result in a more severe
injury severity outcome.
Table 5.5 also indicates that the crashes occurred when driver failed to yield to the
right of way had significant impact on injury severity. Crashes with drivers not yielding to
the right of way had 0.027 higher probability of slight injury and a 0.021 and 0.006 lower
probability of non-incapacitating and incapacitating or fatal injury. This finding is
homogeneous across observations. Klassen et al. (2014) reported that when bicyclist was
at fault, denying the right of way showed to be the most significant factor that leads to fatal
crashes. Drivers’ tendency to not yield to the right of way or failure to yield could be related
to cycle facility at the intersections because authors also reported that cycling in sidewalk
is very unsafe compared to on-street parking due to the decrease in ability to see cyclist at
intersections which could be due to driver’s failure to yield (Klassen, El-Basyouny and
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Islam, 2014). In addition, if crashes occur during the morning peak hours when both
bicyclists and motorists are more aggressive due to busier commute the tendency to not to
yield to the right of way is more pronounced.
Marginal effects from Table 5.5 also indicate that bicycle crashes that occurred
during the Spring season (March, April, and May) of the year have a 0.020 lower
probability of resulting slight injury while more likely to have a higher probability of the
non-incapacitating and incapacitating or fatal injury by 0.013 and 0.007, respectively.
There is a possibility of some unobserved effect from the weather condition in this time of
the year, for example, clear weather condition attracts more bicyclist on the roadway than
other unfavorable weather conditions.
Bicycle crashes that happened in clear weather condition have a 0.123 decrease in
resulting slight injury probability while increasing the non-incapacitating and
incapacitating or fatal injury probability by 0.086 and 0.037, respectively. In terms of
correlation between the weather and injury severity, both signalized and unsignalized
showed similar trends, that is, clear weather conditions lead to more severe injuries.
Model estimation results indicate that bicyclist movement preceding the crash
significantly affects the injury severity outcome and according to marginal effects, crashes
that occurred at signalized intersections when bicyclist was going straight ahead have a
0.060 lower probability of incapacitating or fatal injury while have a 0.042 and 0.018
higher probability of slight injury and non-incapacitating injury severity outcome. The
likely reason for increased probability of slight and non-incapacitating injury to bicyclist
when going straight could be due to poor judgement from the motorists or lack of adequate
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crossing signs. Hunter et al. (2000) studied the effect of pavement markings and “Yield to
Cyclist” sign at crossings when cyclists travel straight, and motor vehicle needs to cross
bicycle lane to get to or exit a roadway. As a result of these, more motorists yielded to
bicyclists; however, taking the advantage of these markings and signs, less number of
cyclists cared to turn their heads to check for traffics or use hand signals.
Finally crashes at signalized intersections when speeding was involved had
incredibly significant impact on the injury severity outcome probability and bicyclists in
those instances were more likely to sustain incapacitating or fatal injury. Based on the
marginal effect analysis, there was 0.006 higher probability of an incapacitating or fatal
injury and 0.004 and 0.002 lower probability for slight and non-incapacitating injuries,
respectively. These results were homogeneous and fixed across observations. This finding
is in line with (Kim et al., 2007) where authors showed that speeding-involved crashes
increases the probability of fatal injury by 300%. Yan et al. (2011) reported that posted
speed limits also have significant contributuoin on the injury severity and areas with higher
speed inrease the bicyclist injury severity outcome as well the traffic stress level of the
vulnerable road users.
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Chapter 6: Conclusions and Future Research Directions
In summary, this thesis investigated bicyclist crash injury severity at Oregon’s signalized
and unsignalized intersections using a mixed logit model on three years of crash data
(2016−2018) consisting of 1502 bicyclist crashes. This final chapter briefly outlines the
findings and proposes recommendations and countermeasures. Finally, limitations of the
research and potential future research directions are discussed.
6.1 Summary on Crash Data Analysis at Unsignalized Intersections
For unsignalized intersections, there were fourteen significant variables and Table 6.1
summarizes the injury probability trend for each of them where the upward arrows indicate
the likelihood of increased probability and downward arrows do the opposite. The
estimated parameters for two variables – not wearing helmet and clear weather condition
– were found to be random and for other twelve variables, the parameters were fixed across
observations. Bicycle crashes in urban area had increased likelihood of slight injury while
the likelihood of non-incapacitating and incapacitating or fatal injury was decreased.
Similarly, the age of the bicyclist was found to be significant, particularly, bicyclist aged
10 years or younger had increased probability of slight injury and decreased probability of
non-incapacitating and incapacitating or fatal injury. However, bicyclist older than 65 were
more likely to sustain incapacitating or fatal injury and less likely to be slightly injured.
Male bicyclists were more likely to have increased probability of non-incapacitating injury
severity from crashes at unsignalized intersections.
If traffic control devices (specifically a stop control) were present at unsignalized
intersections, there was an increased probability of a non-incapacitating injury with
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corresponding decreases in slight and incapacitating & fatal injury probabilities. However,
in winter season of the year bicyclists were more likely to be slightly injured and less likely
to sustain non-incapacitating or fatal injury.
Table 6.1. Effects of significant variables on the probability of bicyclist injury severity for
unsignalized intersections.
Slight Non-incapacitating Incapacitating
Injury
Injury
& Fatal Injury

Variables
Slight Injury
Helmet (1 if bicyclist not wearing helmet; 0 otherwise)
Age (1 if bicyclist ≤ 10 years; 0 otherwise)
Urban (1 if urban area; 0 otherwise)
Winter (1 if between December and February; 0 otherwise)
Non-incapacitating Injury
Weather (1 if clear; 0 otherwise)
Male (1 if bicyclist is male; 0 otherwise)
Speed-Limit (1 if > 35 mph; 0 otherwise
Traffic Control (1 if stop control present; 0 otherwise)
Non-Motorist Location (1 if in bike lane; 0 otherwise)
Year (1 if occurred in 2018; 0 otherwise)
Incapacitating & Fatal Injury
Age (1 if bicyclist > 65 years; 0 otherwise)
Alcohol (1 if alcohol was involved; 0 otherwise)
Evening-peak (1 if between 4 and 8 PM; 0 otherwise)
Collision type (1 if angle collision; 0 otherwise)

Interestingly for the crashes in 2018, bicyclists were, on average, less likely to
sustain a non-incapacitating injury. In terms of weather condition, bicyclists had an
increased likelihood of a non-incapacitating injury severity when crashes occurred in clear
weather condition and the estimated parameter for this variable was random and
heterogenous across observations. Regarding the speed limit, greater than 30 mph limit led
to increased likelihood of non-incapacitating injury and decreased likelihood of both slight
and incapacitating/fatal injuries. Similar trend was also found for the crashes occurred with
non-motorist being in the at bike lane at unsignalized intersections.
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Angle collision showed an increased likelihood of incapacitating and fatal injury;
similar trend was seen when crashes involved intoxication by either the motorist or the
bicyclist. Finally, crashes occurring during the evening peak time (4−8 pm) showed a
decreased probability of sustaining incapacitating or fatal injury at unsignalized
intersections.
6.2 Summary on Crash Data Analysis at Signalized Intersections
The mixed logit model for crashes at signalized intersections found eight variables that
showed significant impact on injury severity. Like unsignalized intersections, Table 6.2
summarizes the probability trends for the eight significant variables. Out of those, the
estimated parameter for cross-signalized intersection type was found to be random and
there was a decreased probability of sustaining a non-incapacitating injury severity with
corresponding increases in the probability of slight and incapacitating/fatal injury.
Table 6.2. Effects of significant variables on the probability of bicyclist injury severity for
signalized intersections.
Slight Non-incapacitating Incapacitating
Injury
Injury
& Fatal Injury

Variables
Slight Injury
Helmet (1 if bicyclist not wearing helmet; 0 otherwise)
Age (1 if bicyclist aged 26−35 years; 0 otherwise)
Crash Cause (1 if motorist failed to yield; 0 otherwise)
Spring (1 if between March and May; 0 otherwise)

Weather (1 if clear; 0 otherwise)
Non-incapacitating Injury
Intersection Type (1 if cross intersection; 0 otherwise)
Incapacitating & Fatal Injury
Bicyclist Movement (1 if going straight; 0 otherwise)
Speed (1 if speeding was involved; 0 otherwise)
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Regarding crashes that involved bicyclists of age 26−35 years at signalized
intersections, there was a decreased probability of slight injury. Similarly, crashes that
occurred during the spring season of the year showed a lower probability of sustaining
slight injury. While if crashes occurred due to driver’s failure to yield the right of way,
there was an increased likelihood of slight injury. Crashes that occurred when bicyclist was
traveling straight ahead at signalized intersections had a deceased likelihood of
incapacitating or fatal injury, while crashes that involved speeding by either driver or
bicyclist significantly impacted crash severity outcome and increased the likelihood of
incapacitating or fatal injury to bicyclists.
The parameter transferability test clearly indicates that bicyclist crashes at
unsignalized and signalized intersection need separate crash analysis models and they have
different sets of significant variables causing various levels of crash severity.
Overall, the findings presented in this thesis should help with the future research
directions as well as with implementing appropriate countermeasures to improve the
bicyclist safety at intersections and more importantly guide us toward achieving Vision
Zero goal.
6.3 Recommendations and Countermeasures
The results found in this study can help with the recommendation of appropriate
countermeasures to improve bicyclist safety at intersections. These countermeasures can
be incorporated into Oregon’s bicycle and pedestrian plan (ODOT, 2016) through the
coordination between safety engineers, law enforcement officers and the public to
implement in the form of four E’s: engineering, education, enforcement, and emergency
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response (Haleem, Alluri and Gan, 2015). Some of the countermeasures based on the
significant contributing factors found in this study are given below.
❖ Curb Radius Reduction − the speed of the road users on the roadway was found
to be significant toward the bicyclist injury severity. For example, crashes that involved
speeding at signalized intersections showed increased likelihood of more severe injury.
One way to reduce the turning vehicle speed can be achieved, as discussed by Warner
et al. (2017), by designing smaller curb radius at intersections.
❖ Turning restrictions − In this study, ~96% of all the crashes at signalized
intersections occurred when the bicyclist was traveling straight, and the model results
showed that the variable indicating bicyclist moving straight at signalized intersections
is a significant contributing factor toward bicyclist crash injury severity. A possible
scenario would be when the bicyclists is traveling straight, and an oncoming motorist is
turning left – because of the motorist’s goal to find a gap between oncoming traffic
flows and hence failure of attention to an approaching bicyclist leads to collision. After
the careful observations of the bicyclist crash locations, permissive left turn should be
prohibited, and a protective left turn could be a solution in this crash locations. Other
than that, with wide turning radius many motorists do not fully comply with regulations,
for example, many motorists often tend to make quick right turns on red which
eventually reduces their alertness as well as screening capability and increases the
chance of collision. Prohibiting right turn on red with “NO TURN ON RED” regulatory
sign could be an alternative option to improve the overall safety of the bicyclists.
❖ Sign improvements for bicyclist − More than 50% of the crashes that occurred at
signalized intersections were due to the failure to yield the right of way. Warner et al.,
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(2017) studied the performance of four potential engineering treatments for right-hook
bicyclist crashes namely, signage treatments, pavement marking treatments, curb radius
treatments, and protected intersection treatments. The authors found that each of these
treatments had positive impact on driver’s performance. For example, a “Turning
Vehicles Yield to Bicycles” sign greatly improved drivers search of bicyclists making
them alert which is likely to reduce overall crash severity and improve the overall safety
of the riders.
❖

Intersection Marking – In this study cross-signalized intersections showed

significant impact on the bicyclist injury severity outcome and the crash data showed
that almost 80% of the total crashes occurred at this type of intersections. Proper
intersection pavement marking is one way to reduce the collision between road users,
for example, green-colored pavement marking should be used at intersections to indicate
the designated path for bicyclists, as well as to indicate the weaving area for the bicyclist
where right turning motor vehicle cross the path of bicyclists in a bike lane to avoid the
right turning bicycle-motorist collision, as in this study both angle collision and straight
movement of bicyclist caused severe injuries at intersections. Installing bike box at
signalized intersections provides a designated area at the head of the traffic lane which
may improve the visibility of the bicyclists to the motorists, and it can also provide
proper assistance with their turning movements. This separated space for bicyclists at
intersections increase the awareness as well as improve their safety (NACTO).
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6.4 Limitations
Although this study found the contributing factors to the bicyclist crash injury severity at
signalized and unsignalized intersections, some of the important explanatory variables
could not be explored due to the data unavailability on the ODOT crash dataset. For
example, traffic flow variables such as annual average daily traffic (AADT) of the
motorized vehicles and non-motorized traffic volume, roadway related variables such as
presence of bike facilities at crash locations, number of turning lanes present, and the level
of traffic stress at the intersections for bicyclists were not known. In addition, the data used
in this analysis are extracted from police reports, and since the bicyclist crashes with no
injury or sometime minor injury are not reported, there is a high chance of underrepresentation in the crash database. However, the mixed logit modeling framework used
in this study was able to compensate some of the deficiency by its capability of accounting
for the unobserved heterogenous effect of the variables in the bicyclist injury severity
analysis.
6.5 Future Research Directions
Depending on the available resources for injury severity analysis, any future study should
consider adding more information into the analysis such as AADT, trip purpose for
involved parties, presence of existing bike facilities, and traffic stress level, which might
contribute toward crash occurrence and injury severity. Average speeds of the traffic in
addition to the speed limit at the intersections may give additional insight and can be
incorporated into any future analysis.
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